Taguchi PCA Material removal rate Polycrystalline diamond tool a b s t r a c t This paper investigates the machinability of unidirectional glass fiber reinforced plastics (UD-GFRP) composite in turning process. Taguchi L 18 orthogonal array is used for experimental design. The six parameters i.e. tool nose radius, tool rake angle, feed rate, cutting speed, cutting environment (dry, wet and cooled) and depth of cut are varied to investigate their effect on output responses. An attempt has been made to model the two response variables i.e. surface roughness and material removal rate using Principal Component Analysis. PCA is a technique of great practical importance in many applications of statistical inference, when it becomes difficult to relate a large number of independent variables with a number of dependent outcomes without having enough observations to carry out the analysis in a reliable way. Correlated responses are transformed into uncorrelated or independent quality indices called principal components. From the experimental results, it is evident that the surface roughness increases as feed rate increases. It is found that feed rate is more significant factor followed by depth of cut and cutting speed. 
Introduction
In turning, surface roughness and material removal rate are two important aspects, which require attention both from industry as well as research & development point of view. In modern industry, one of the trends is to manufacture low cost, high quality products in short time. Automated and flexible manufacturing systems are employed for that purpose. On the other hand, material removal rate is another important factor that greatly influences production rate and cost. So, there is a need for a tool that allows the evaluation of the surface roughness and material removal rate before the machining of the part and which, at the same time, can easily be used in the production-floor environment contributing to the minimization of required time and cost and the production of desired surface quality. Glass fiber reinforced plastics (GFRP) is one of the most used composite materials. GFRP consists of two distinct materials, a polymer resin as matrix and glass as reinforcement.
This material is light, tough, resilient and flexible and has a very good strength to weight ratio. Unidirectional glass fiber reinforced plastic is a composite material made of a plastics matrix reinforced by fine fibers made of glass oriented in single direction. Unidirectional fiber-reinforced polymers show outstanding specific stiffness and strength along the fiber direction and this has led to a wide range of applications as structural materials. High abrasiveness of glass fiber and non-homogeneous structure of this composite make it very difficult to machine [26] . Machining glass fiber composites is a complex and challenging task. Major difficulties encountered are reported as: surface damage by delamination, burning or cracks, rapid tool wear, accuracy affected by debonding, subsurface damage and bouncing back phenomenon of work piece material [18] . The machining of fiber-reinforced materials requires special considerations about the wear resistance of the tool. High speed steel (HSS) is not suitable for cutting owing to the high tool wear and poor surface finish. Hence, carbide and diamond tools are used as suitable cutting tool materials [19] . Konig [11] found that measurement of surface roughness in FRP is less dependable than in metal, because protruding fiber tips may lead to incorrect result or at least large variation of the reading. Kevlar fibers reinforced plastics (KFRP) machined surface exhibit poor surface finish due to the fussiness caused by delaminated, dislocated and strain ruptured tough Kevlar fibers. Lee [16] investigated the machinability of glass fiber reinforced plastics by means of tools made of various materials and geometries. Three parameters, namely cutting speed, feed rate and depth of cut, were selected. Single crystal diamond, poly crystal diamond and cubic boron nitride were used for the turning process. It was concluded that the single crystal diamond tool is excellent for GFRP cutting.
Paulo Davim [20] investigated the machinability in turning process of glass fibers reinforced plastics (GFRP) using polycrystalline diamond and cemented carbide tool. Two parameters such as cutting speed and feed rate were selected. It was observed that, the polycrystalline diamond provide a better machinability index in comparison to cemented carbide tool (K15). Arul [1] worked on optimization of machining of GFRP material. The data of thrust force, torque and tool life was analysed by using a group method data handling algorithm. Kolahan [10] developed a simulated annealing algorithm to optimize machining parameters in turning operation of cylindrical work pieces. Seven different constraints were considered in a non-linear model where the goal was to achieve minimum total cost. The weighted total cost consisted of machining cost, tool cost and tool replacement cost. The computational results clearly showed that the proposed optimization procedure had considerably improved total operation cost by optimally determining machining parameters. Isik [8] proposed an approach for turning of a glass fiber reinforced plastic composites using cemented carbide tool. Three parameters such as depth of cut, cutting speed and feed rate were selected to minimize tangential and feed force. Weighting techniques was used for optimization of objective function. The idea of this technique was to add all the objective functions together using different coefficients for each.
Hussain [6] developed a surface roughness prediction model for the machining of GFRP pipes using response surface methodology and carbide tool (K20). Four parameters such as cutting speed, feed rate, depth of cut and work piece (fiber orientation) were selected. It was found that, the depth of cut shows a minimum effect on surface roughness as compared to other parameters. Hussain [7] developed a surface roughness and cutting force prediction model for the machining of GFRP tubes by using carbide tool (K20), cubic boron nitride (CBN) and polycrystalline diamond (PCD) using response surface methodology. Four parameters such as cutting speed, feed rate, depth of cut and work piece (fiber orientation) were selected. It was found that, the polycrystalline diamond (PCD) cutting tool is better than other two tools used. Rajasekaran [22] used fuzzy logic for modeling and prediction of CFRP work piece using cubic boron nitride tool. Three parameters such as depth of cut, feed rate and cutting speed were selected to minimize surface roughness. It was observed that, the fuzzy logic modeling technique can be effectively used for the prediction of surface roughness in machining of CFRP composites.
Kumar [13] investigated the turning process of the unidirectional glass fiber reinforced plastic (UD-GFRP) composites. Polycrystalline Diamond (PCD) tool was used for turning and the effect of six parameters such as tool nose radius, tool rake angle, feed rate, cutting speed, depth of cut and along with cutting environment (dry, wet and cooled (5e7 temperature)) was studied on the surface roughness produced. It was found that the feed rate is the factor, which has great influence on surface roughness, followed by cutting speed. Kumar [14] developed a cutting force prediction model for the machining of UD-GFRP using regression modeling by using polycrystalline diamond cutting tool. Three parameters such as cutting speed, depth of cut and feed rate were selected to minimize the cutting force. It was found that the depth of cut is the factor, which has great influence on radial force, followed by feed rate factor. Also, Authors concluded that, the experimental values agreed with the predicted results indicating suitability of the multiple regression models. Gupta [4] proposed an approach for turning of a unidirectional glass fiber reinforced plastics (UD-GFRP) using polycrystalline diamond tool. Three parameters such as cutting speed, feed rate and depth of cut were selected. The simulated annealing, a metaheuristic optimization technique, is used to optimize the machining parameters involved in the process of turning for determining the minimum radial cutting force. It was found that, the depth of cut is the factor, which has great influence on radial force, followed by feed rate. Kumar [15] studied the machinability of uni-directional glass fiber-reinforced plastics composite using Carbide (K10) cutting tool. The Taguchi method (Orthogonal L 18 array) was used to conduct experimentation and utility function was used for optimization. The effect of six parameters such as tool nose radius, tool rake angle, feed rate, cutting speed, depth of cut and cutting environment was considered to minimize surface roughness and maximize the material removal rate by ANOVA. It was found that, the depth of cut, cutting speed and feed rate had a significant effect on the utility function based on multiple performances.
Jenarthanan [9] investigated the machinability in milling process of glass fibers reinforced plastics (GFRP) using solid carbide end mill tools. Three parameters such as cutting speed, feed rate and helix angle were selected to minimize the machining forces and surface roughness. It was observed that, the GFRP composites with 15 fiber orientation give the best overall performance. Feed rate is the cutting parameter that has the highest physical as well statistical influence on surface roughness and specific cutting force followed by the helix angle of the end mill cutter. Hloch [5] presented a novel automated utilization of experimental cutting of anti-tank bullet Nk 100 ShK 44 by abrasive waterjet cutting. Twelve parameters such as pressure, traverse speed, abrasive mass flow rate, water orifice diameter, focusing tube diameter, focusing tube length, standoff distance, number of passes, angle of attack, number of passes in axial direction, abrasive, mesh were selected for cutting of unused munitions. Based on these results a structure for AWJ automated cutting system for discarded munitions was proposed which enabled increased effectiveness during munitions processing with utilisation of obtained metal scraps. Zain [27] proposed the integration of ANN and GA techniques to find optimal process parameters (speed, feed and radial rake angle) of end milling process that lead to minimum value of surface roughness. The experimental results showed that the minimal surface roughness value achieved was 0.139 mm and the optimal process parameters were feed ¼ 167.029 m/min, speed ¼ 0.025 mm/tooth and radial rake angle ¼ 4.769 . Raj [23] developed a surface roughness and delamination mathematical prediction model for the machining of glass fiber reinforced plastics composite using response surface methodology and artificial neural network by using coated and uncoated K10 cutting tool. Four parameters such as cutting speed, feed rate, depth of cut and tool material were selected to minimize the surface roughness and delamination. It was found that the developed ANN model has good interpolation capability and can be used as an effective model for good surface finish and less damage delamination. Good surface finish is obtained with coated tool as compared to uncoated tool. PCA was proposed to eliminate correlation between the responses and to estimate uncorrelated quality indices called principal components [2] .
Gopalakannan [3] studied the machinability of aluminum metal matrix composite reinforced with SiC particles. Electric discharge machine was used to machine MMC with copper electrode. The effect of four parameters such as pulse current, gap voltage, pulse on time and pulse off time was considered. The experiment plan adopted face centerd central composite design of response surface methodology. Analysis of variance was applied to investigate the effect of process parameters on material removal rate, electrode wear rate and surface roughness. Liao [17] carried out theoretical and experimental studies to investigate the intrinsic relationship between tool flank wear and operational conditions in metal cutting processes using carbide cutting inserts. The authors developed the model to predict tool flank wear land width which combined cutting mechanics simulation and an empirical model. The study revealed that cutting speed had more dramatic effect on tool life than feed rate. Su [25] utilized the PCA method to optimize multiple response and defined the PCA method as a way of identifying correlated data patterns and expressing the data with their similarities and differences. The main advantage of PCA was that once the pattern in data was identified, the data could be compressed, i.e. by reducing the number of dimensions, without much loss of information.
The objective of this experimental study is to determine the influence of cutting parameters on unidirectional glass fiber reinforced plastics composite while carrying out turning operation. This paper presents a new methodology for the optimization of the machining parameters for turning unidirectional glass fiber reinforced plastics composite. Taguchi's L 18 orthogonal array is used for experimental design. The machining process parameters such as tool nose radius, tool rake angle, feed rate, cutting speed, cutting environment (dry, wet, cooled) and depth of cut are optimized with multiple performance considerations namely surface roughness and material removal rate. Principal Component Analysis (PCA) is used to solve such correlated multi-attribute optimization of turning operation. The quality index (principal component) having highest accountability proportion is treated as equivalent single objective function. ANOVA is used to find the significant parameters.
Methodology

Process parameters of turning operation
In order to identify the process parameters that affect the quality of the turned parts, an Ishikawa causeeeffect diagram is constructed as shown in Fig. 1 . The Ishikawa causeeeffect diagram depicts that the following process parameters may affect the quality of the turned parts:
Cutting parameters: cutting speed, feed rate, depth of cut Environment parameters: dry, wet, cooled Cutting tool parameters: tool geometry, tool material Work piece material: metals, composite materials
Design of experiment based on Taguchi method and selection of the machining parameters
The experiments for this work are planned using Taguchi's design of experiments (DoE). Taguchi's approach to parameter design provides the design engineer with a systematic and efficient method for determining near optimum design parameters for performance and cost [21] . This method can dramatically reduce the number of experiments required to gather necessary data. In this study, the experimental plan has tool nose radius, tool rake angle, feed rate, cutting speed, cutting environment (dry, wet and cooled) and depth of cut as the controllable variables. On the basis of preliminary experiments conducted by using one variable at a time approach, the feasible range for the machining parameters is selected. Table 1 shows the cutting parameters and their levels considered for the experiments. Table 2 shows the L 18 orthogonal array employed for the experimentation [24] . The Taguchi's mixed level design is selected as it is decided to keep two levels of tool nose radius. The rest five parameters are studied at three levels e denoted by 1, 2 and 3, respectively. Two level parameters has 1 DOF, and the remaining five three level parameters have (5 Â 2 ¼ 10) DOF, i.e., the total DOF required is 11 assigned using linear graphs. The unassigned columns are treated as error.
Experimental procedure
Work material
In the present study, pultrusion processed unidirectional glass fiber reinforced plastics composite rods are used. The material used for fabrication of composite was pultrusion unidirectional glass fiber reinforced plastics composite. Pultrusion process is an effective method to manufacture strong light weight composite materials. Glass fiber in the form of roving is reinforced by dipping it into the epoxy resin. The rod used was 42 mm in diameter and 840 mm in length as shown in Fig. 2 . An unsaturated epoxy resin was used by adding suitable hardener and accelerator. Its thermal and mechanical properties are shown in Table 3 .
Experimental
All the turning experiments are conducted on an NH22elathe machine of 11 kW spindle power with maximum speed of 3000 rpm make HMT (Pinjor), as shown in Fig. 3 installed at workshop Laboratory of Mechanical Engineering Department, N.I.T., Kurukshetra, Haryana, India. The cutting tool used for the experimentation is polycrystalline diamond tool of different tool rake angle and tool nose radius. The detail of the PCD tool is shown in Table 4 . The surface roughness of the turned surface is measured using a Tokyo Seimitsu Surfcom 130A type instrument as shown in Fig. 4 . The instrument is set to a cut-off length of 0.8 mm with a transverse length of 4 mm. The surftest is a shop-floor type surfaceroughness measuring instrument, which traces the surface of various machine parts and calculates the surface roughness based on roughness standards and displays the results in mm. The specification of surface roughness tester is as shown in Table 5 . The cutting tools selected for machining unidirectional glass fiber reinforced plastics (UD-GFRP) composite are polycrystalline diamond inserts as shown in Figs. 5 and 6. The geometry of the cutting tool VNMG insert 110404/110408 is as follow: NQA BS EN ISO 9001-2000, with tool rake angle (À6 , 0 and þ6 ) and tool nose radius (0.4 mm & 0.8 mm). A tool holder of ISO coding SVJCR steel EN47 is used during the turning operation as shown in Fig. 7. 
Cutting fluids
Water-soluble cutting fluids are mixed with water in different ratios depending on the machining operation. Cutting fluid is supplied to the cutting fluid unit with the help of electric motor. The storage capacity of the fluid tank is 30 liters. The cutting fluid is supplied at constant rate. It is filtered by the filters provided on the tank as shown in Fig. 8 . The cutting fluid used in flooded machining is Castrol water miscible soluble coolant having 1:6 volumetric concentration zones. Cutting environment: wet (33e38 temperature) and cooled (5e7 temperature) are used. kV/cm Fig. 3 . Experimental set up.
Material removal rate
The material removal rate (MRR) in turning operation is the volume of material/metal that is removed per unit time in mm 3 /s. For each revolution of the work piece, a ring-shaped layer of material is removed. Material removal rate is one of the most important criteria determining the machining operation, with a higher rate always preferred in such operations. The material removal rate, in mm 3 /s, is calculated from the Equation (1):
Where,
L ¼ length of the work piece to be turned in mm, N ¼ spindle speed in rpm and C ¼ feed rate in mm/rev. Tool nose radius 0.4 mm, 0.8 mm Fig. 4 . Surface roughness tester. 
Principal Component Analysis
Principal Component Analysis is a dimension reduction tool that can be used in multi variable analysis problem. Principal Component Analysis aims at reducing a large set of variables to a small set that still contains most of the information contained in the large set. It is a method to identify patterns in a data in such a way as to highlight their similarities and differences. So the data can be compressed without losing any information. It is the most meaningful basis to re-express a noisy and grabled data set. We often do not know what measurements best reflect the dynamics of our system in question. Sometimes we record more dimensions than we really need PCA alleviates this problem by mapping the original predictors into a set of principal components that is lesser in dimension than the number of the original variables. Such a transformation will usually be accompanied by a loss of information. The goal of PCA is, therefore, to preserve as much information contained in the data as possible. The optimal number of principal components (PCs) needed to achieve this task is not known a priori. The task is to find a set of principal components with eigen values that have a significantly larger value than the remaining components.
Step 1: Get some data Let X i (j) represents the response. Where i ¼ (1, 2, …, m) where m is the number of experiments performed.
j ¼ (1, 2, …, n) where n is the number of quality characteristics.
Step 2: Normalization of the quality characteristics Equation (2) is used to normalize surface roughness as surface roughness is to be minimized. Equation (3) is used to normalize material removal rate as MRR is to be maximized.
Lower-the-better.
Higher the better.
Where, x * i;k represent the normalized data of the ith experiment and kth response.
Step 3: Calculate the covariance matrix
The normalized data is utilized to construct a varianceecovariance matrix R, which is illustrated as below: Step 4: Calculate the eigen vectors and eigen value of the covariance matrix
Step 5: Form the feature vector:
Choose the eigen vectors with the large eigen values. To form feature vector, arrange the eigen values from highest to lowest. Ignore the components of lowest significance. Final data set will have fewer dimensions. If we choose the first p eigen vectors and final data will have p dimensions.
Step 6: Derive the new data set Table 6 shows the experimental data of surface roughness and material removal rate [12] . Response table for surface roughness is shown in Table 7 . The mean response refers to the average value of the performance characteristic for each parameter at different levels. The average value of surface roughness for each parameter at levels 1, 2 and 3 are calculated. The main effects of the various process parameters when they change from the lower to higher levels can be visualized from the Fig. 9 that shows the response graphs of surface roughness for the tool nose radius, tool rake angle, feed rate, cutting speed, cutting environment and depth of cut. It is clear from the Fig. 9 (a)e(f) that the surface roughness is lowest at A2, B2, C2, D2, E1 and F2. The results indicated that the increase of tool nose radius reduce the surface roughness up to 0.8 mm as shown in Fig. 9(a) . The surface roughness increased with increase in tool rake angle as shown in Fig. 9(b) . The figure indicates that the surface roughness increased at high feed rate and cutting speed as shown in Fig. 9(c) & (d) . The reason being, the increase in the feed rate increases the heat generation and hence, tool wear, which resulted in the higher surface roughness. The results indicated that the surface roughness increases with cooled cutting environment and increase in depth of cut as shown in Fig. 9(e) & (f) .
Results and discussion
The increase in the feed rate increases the heat generation and hence, tool wear, which resulted in the higher surface roughness. The increase in the feed rate also increases the chatter and it produces incomplete machining at faster traverse, which leads to higher surface roughness. At low cutting speeds there is a large quantity flow of fiber that are cut that causes the large surface roughness. It can be observed that the surface roughness gradually decreases with increase in the cutting speed up to 110.84 m/min and thereafter it increases. This is because matrix material deforms to a lesser extent. The figure shows that the best surface roughness could be arrived only at medium speed. Higher cutting speed produces more damage on the machined surface. This is attributed to higher cutting temperature, which results in local softening of work material. So moderate cutting speeds are preferred nose radius is a major factor that affects surface finish of the machined surface. A larger nose radius produces a smoother surface. There is a direct relationship between the size of the insert's nose radius and the surface finish produced. While it's true that a smaller nose radius decreases the pressure on a tool, it also limits the feed rate that can be used. An insert is capable of feeding only at one-half of the nose radius. Once this is exceeded, the surface produced is similar to a thread. Therefore, use the largest radius possible to produce the best finish and not create chatter. Positive rake make the tool more sharp and pointed. As the rake angle is increased in the positive direction, the normal force between the chip and the tool is reduced and the formation of built-up edge also reduced. So the increase of positive rake angle decreases the surface roughness. Greater negative rake give higher compressive stresses. So, 0 rake angle is preferred. Depth of cut shows minimum effect on the surface roughness compared to other parameters. However, at low depth of cut, the removal of fiber from the matrix is partial and leads to high surface roughness, whereas at intermediate depth of cut, complete removal of fibers can be possible and leads to good surface finish. Surface roughness further decreases with increase in depth of cut. The use of cutting fluid is one of the machining techniques that is applied for a number of reasons, such as to reduce the cutting temperature, to lengthen the tool life, to produce a better surface finish, and to facilitate chip disposal. However, the application of cutting fluid creates a number of problems. If it is not disposed of properly it may affect the environment adversely and carry economic consequences. With dry and wet conditions, near about same surface roughness is obtained but surface roughness increased with cooled atmosphere. So, dry cutting condition is preferred.
Response table for material removal rate are shown in Table 8 . The average value of material removal rate for each parameter at Fig. 10 . Response graph of MRR (a) effect of tool nose radius (b) effect of tool rake angle (c) effect of feed rate (d) effect of cutting speed (e) effect of cutting environment (dry, wet, cooled) (f) effect of depth of cut. levels 1, 2 and 3 are calculated. The main effects of the various process parameters when they change from the lower to higher levels can be visualized from the Fig. 10 (a)e(f). Fig. 10 (a)e(f) shows that the response graph for material removal rate for parameters is highest at the A2, B2, C3, D3, E3 and F3. The results indicated that the material removal rate increases with increase in tool nose radius, feed rate, cutting speed, cutting environment, depth of cut and MRR is maximum at 0 rake angle. The basic purposes of cutting fluid application are: (1) Cooling of the job and the tool to reduce the detrimental effects of cutting temperature on the job and the tool and (2) lubrication at the chipetool interface and friction and thus the amount of heat generation. The surface roughness data is normalized using Equation (2) and MRR is normalized using Equation (3) as shown in Table 9 . Table 10 shows the covariance matrix. Table 11 shows the eigen values, eigen vectors, Accountability proportion. The eigen vector with high eigen values are chosen as the principal component of the data set. Table 12 shows the principal components and the quality loss function. Fig. 11 shows the effect of process parameters on the loss function. Combination of A2 B3 C3 D3 E3 and F3 showed less value of loss for factors A, B, C, D, E and F respectively. Therefore, A2 B3 C3 D3 E3 F3 is optimal parameter combination for two performance characteristics. However, significant contributions of process parameters still need to be known to predict optimal values of performance characteristics. Table 13 shows the average of each response characteristic for each level of each factor and delta statistic. The delta statistic is the highest minus the lowest average for each factor. Minitab assigns ranks based on delta values, rank 1 to the highest delta value, rank 2 to the second highest and so on. The ranks indicate the relative importance of each factor to the response. The difference of a factor of response variable is the change in the response when the factor goes from its level 1 to level 3. The mean response refers to the average value of the performance characteristic for each parameter at different levels. The difference of raw data between level 1 and 3 indicates that feed rate has the highest effect (D ¼ max À min ¼ 0.296367) followed by depth of cut (D ¼ maximum À minimum ¼ 0.183900) and cutting speed (D ¼ maximum À minimum ¼ 0.135317). Analysis of variance (ANOVA) of the overall grade is done to show the significant parameters. If the P value for a factor becomes less than 0.05 then that factor is considered as significant factor at 95% confidence level. Statistical software with an analytical tool of ANOVA is used to determine which parameter significantly affects the performance characteristics.
The results of ANOVA for the PCA are listed in Table 14 . For analysing the significant effect of the parameters on the performance characteristics, F and P test is used. This analysis is carried out for a level of significance of 5%, i.e. for a level of confidence of 95%. From the ANOVA result, it is concluded that C e feed rate, D e Cutting speed, F e depth of cut have significant effect on quality loss. A, B and E has no effect at 95% confidence level. It is found that feed rate is more significant factor followed by depth of cut and speed. It shows that the three parameters feed rate, cutting speed and depth of cut is found to be the major factors with the selected multiple performance characteristics, because their corresponding P ratio is less than 0.05. The percentage error can be used to evaluate if an experiment possesses feasibility and sufficiency or not, since it is related to the uncertain or uncontrollable factors. The percentage error for contribution is 11.14% as shown in Table 14 that indicates that the proposed method as well as the outcome in this study is proven to be highly acceptable.
Residual plots for machining parameters normal probability plot of residuals for quality loss, plot of residuals vs. the fitted value, histogram and residuals vs. the order of the data, are shown in Fig. 12 . It can be seen from Fig. 12 that all the points on the normal plot lie close to the straight line (mean line). This implies that the data are fairly normal and a little deviation from the normality is observed. In addition, Fig. 12 versus fits, histogram and versus order revealed that there is no noticeable pattern or unusual structure present in the data. Table 10 Covariance matrix.
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Confirmation experiment
The confirmation experiment is a crucial step and is highly recommended by Taguchi to verify the experimental conclusions [24] . The purpose of the confirmation experiment in this study is to validate the optimum cutting condition that is suggested by the experiment. The optimum conditions are set for the significant factors and the insignificant factors are set at economic level. Selected numbers of tests are run under constant specified conditions. The average of the results of the confirmation experiment is compared with the anticipated average based on the parameters and levels tested. The estimated mean of the response characteristic is computed. A confidence interval for the predicted mean on a confirmation run is calculated using the Equation (4) [24] :
Where [12] Total DOF associated with the mean (m Ra ) ¼ 11, total trial ¼ 18,
R ¼ number of repetitions for confirmation experiment ¼ 3.
Predicted value of surface roughness
The parameters and their selected levels when individual responses are taken into consideration are shown in Table 15 . Three confirmation experiments are done at the optimal setting of the turning process parameters recommended by the investigation. Therefore, the optimum surface roughness (R a ¼ 1.451 mm) was obtained under the earlier-mentioned cutting condition on the lathe machine.
The optimal surface roughness (m Ra ) is predicted at the selected optimal setting of process parameters. The significant parameters with optimal levels are already selected as: C2, D2 and F2. The estimated mean of the response characteristic is computed as [24] Fig . 11 . Effects of process parameters on PCA (R a and MRR). 
Where T Ra ¼ overall mean of surface roughness ¼ 1.812 mm (Table 6 ). C2, D2 and F2 are the mean values of surface roughness with parameters at optimum levels. From Fig. 9 
Predicted value of MRR
The optimal material removal rate (m MRR ) is predicted at the selected optimal setting of process parameters. The parameters and their selected levels are shown in Table 15 . Three confirmation experiments are done at the optimal settings of the turning process parameters recommended by the investigation. Therefore, the optimum material removal rate (MRR ¼ 331.28 mm 3 /s) was obtained under the earlier-mentioned cutting condition on the lathe machine.
The estimated mean of the response characteristic is computed as [24] A confidence interval for the predicted mean on a confirmation run is calculated using the Equation (4) [24] :
Error variance ¼ 1189 [12] . The 95% confidence interval of the population is:
The parameters and their selected levels when combined responses PCA (surface roughness and material removal rate) are taken into consideration are shown in Table 15 . Three confirmation experiments are done at the optimal setting of the turning process parameters recommended by the investigation. Table 16 shows the single response optimization results. Table 17 shows the confirmatory experimental results. Three experiments were conducted at the optimum settings of the process parameters found by PCA to optimize both the performance characteristics. The mean values of the responses from these experiments are found to be with in the confidence Interval. Table 18 shows the comparison of results between single response optimization and multi response optimization using Principal Component Analysis.
Conclusions
Experiments were conducted using lathe machine on unidirectional glass fiber reinforced plastics (UD-GFRP) specimens with polycrystalline diamond tool material. From the experimental results, it is evident that the surface roughness and material removal rate increases as feed rate increases. Feed rate is the factor, which has great influence on surface roughness, followed by cutting speed. The 95% confidence interval of the predicted optimal surface roughness is 0.912 < m Ra (mm) < 1.710. The 95% confidence interval of the predicted optimal material removal rate is: 269.147 < m MRR (mm 3 /s) < 334.813.
The study proposes Principal Component Analysis for the optimization of multiple performance characteristics. Application of PCA is recommended to eliminate response correlation by converting correlated responses into uncorrelated quality indices called principal components which have been treated as response variables for optimization. From the ANOVA result, it is concluded that feed rate, cutting speed, depth of cut have significant effect on quality loss. It is found that feed rate is more significant factor followed by depth of cut and cutting speed. 
